The objective of this paper was to determine the factors that influence farmers' decision to use two categories of sustainable land management (SLM) practices as adaptation strategy to climate change in the North-West Ethiopia. It was based on analysis of data collected from 734 farm household heads and employed probit regression model to analyze the determinants of adaptation to climate change through SLM measures. Based on the model result, factors, like perception of climate change, exposure to adaptation techniques, education, perception of land degradation, slope, land prone to degradation, number of parcels, crop enterprise income, land size, farm distance, economically active family size and agro-ecology are found important in determining farmers' decision to use structural land management practices. Likewise, perception of climate change, exposure to adaptation, farming experience, slope, crop enterprise income, land prone to degradation and agro-ecology are found important in affecting farmers' decision to use non-structural land management practices as adaptation measure. Therefore, in line with the findings of the analysis, any intervention that promotes use of land management practices as adaptation strategy should take into account agro-ecology specific factors that are relevant to the nature of the land management practices. Moreover, since scaling up of SLM practices as adaptation strategy is resource intensive, it requires both public and non-public investment for providing technological support and raising awareness. Failure to do so would adversely affect crop productivity and exacerbate food insecurity problems at farm household level.
Introduction 
The impact of climate change is detrimental in low income tropical African countries, including Ethiopia that depends on agriculture as a main livelihood. The combination of already fragile environment, dominance of climate-sensitive sector in economic activity and low autonomous adaptive capacity in these regions aggravates the harmful effects of climate change and variability on agricultural production, food security and ecosystems [1] . However, the effects of climate change vary across countries, and adaptation capabilities are influenced by geographical, economic, cultural and political factors, which require that since 1988 [7, 8] . During the two recent drought events, GDP declines by around 3%-10% and flooding in turn causes significant damage to settlements and infrastructure, and undermines agriculture by delaying planting, reducing yields and compromising the quality of crops [8] .
Following such recurrence of extreme events and the catastrophic effects, climate researchers believe Ethiopia as one of the victims of climate change [9] . Studies on the trend of climate in Ethiopia show that temperature has been increasing throughout the century with a mixed trend of precipitation. Average annual maximum temperature and average annual minimum temperature over the century have increased by 0.1 °C and 0.25 °C per decade, respectively [10] . On one hand, historical trend shows that mean temperature increased by 1.3 °C from 1996-2006 with more hot days and nights and fewer cold days and nights. On the other hand, rainfall is highly variable from year to year, from season to season and decade to decade with no regular trend. As a result, Ethiopia is experiencing the effects of climate change, and this can holdback economic progress in the range of 0.5%-2.5% each year [11] .
With regard to the future, general circulation models (GCM) predictions show an increasing trend of temperature with moderate inter-model differences [11] . For example, mean annual temperature will increase in the range of 0.9-1.1 °C by the year 2030 and 1.7-2.1 °C by the year 2050 from the average of 1961-1990 [12] . Whereas, the corresponding results for annual precipitation show a change between 0.6% and 4.9% for 2030 and between 1.1% and 18.2% for 2050 [12] . Following this, crop simulation models, as well as econometric studies of climate change impacts, suggest a negative impact on crop productivity in Ethiopia on the order of 5% to 10% by 2030, due to changes in mean seasonal temperature and precipitation with more severe impacts towards the end of the century [12] .
In line with this, a study on household consumption in rural Ethiopia [13] shows that rainfall shock in a single year has a lingering effect on household's welfare for many years to come. The same study shows that a 10% rainfall decrease in one year has an impact of 1% decrease on the growth rates of agricultural output for 4-5 years to come. These impacts of climate on agriculture are first-order effects that trigger direct and indirect economic impacts, which necessitate the need for an economy-wide framework to cope up with climate change shocks [13] . Overall, climate impacts in Ethiopia are significant, but variable over regions and crop type. Studies indicated that smallholder farmers perceive climate change and also adapt to reduce the negative impacts [14, 15] . In this regard, sustainable land management (SLM) practices have been shown to be effective for adaptation in moisture stress areas. Sustainable land use practices, such as use of soil and water conservation measures, improved crop varieties and agronomic practices, enhance adaptation to climate change and increases crop productivity [16, 17] .
However, most previous studies failed to explicitly address the types of land management based adaptation methods that farmers employ at local level. The studies are also highly aggregated and are of little help in addressing agro-ecology specific adaptations. Moreover, the studies have paid little attention to the analysis of SLM practices as adaptation strategy and the factors influencing farmers' decision to use the practices. Given the agro-ecological diversity of the country, understanding location specific climate pattern, its impacts and possible resilience options seems to be critical.
Since adaptation is a local response to climate stimuli, addressing agro-ecology specific adaptation decisions is an important research gap that needs to be addressed. Therefore, the present study aimed to use probit regression model to analyze the determinants of using two categories of SLM practices as adaptation strategy to climate change in the Dabus sub-basin of the Blue Nile River, North-West Ethiopia.
Methodology

Study Area
Dabus sub-basin of the Blue Nile River has an area of 21,030 km 2 . The altitude in the sub-basin ranges between 485 m and 3,150 m above sea level. Annual rainfall ranges between 970 mm and 1,985 mm. The annual maximum and minimum temperature in the sub-basin varies between 20-35 °C and 8.5-20 °C, respectively. The sub-basin is characterized by hot to warm moist, sub humid and dry lowlands ( Fig. 1 ). Its considerable part is cultivated and characterized by maize-sorghum and maize-sorghum-perennial complex.
Data Source
The paper is based on a cross-sectional household survey data of 734 mixed farmers during November and December 2016 from the Dabus sub-baisn of the Blue Nile River in the North-West of Ethiopia. The survey was conducted in four districts, spatially distributed throughout the sub-basin. The districts were purposefully drawn from two local agro-ecologies in the area, namely, wet kola (wet lowland) and dry Kola (dry lowland) to represent different aspects of the agricultural activity in the sub-basin. Following this, farm households were randomly drawn from each of the districts following probability proportional to size (PPS) sampling procedure.
Data Analysis
The study used descriptive and econometric methods to analyze the collected data. Descriptive method was employed to reveal differences and similarities between the two agro-ecologies of the study area, as well differences and similarities between users and non-users of SLM practices in terms of socio-economic and environmental variables. With regard to econometric method, the study employed the probit regression model to analyze the determinants of using different SLM practices as adaptation strategy to climate change.
Specification of the Probit Regression Model
Past studies showed that there are plausible methodological similarities among agricultural technology adoption and climate change adaptation methods, as both involve decisions on whether or not to adopt a given course of action [18] . The models are based on farmers' utility or profit-maximizing behavior [19] , and the assumption here is that farmers adopt a technology/practice only when the perceived utility or profit from using the new technology is greater than the traditional or the old technology. It is on these premises that probit regression model is selected for the analysis of determinates of farmers' decision to use SLM practices as adaptation strategy. It is assumed that smallholder farmers use adaptation methods only when the perceived utility or net benefit from using such a method is significantly greater than the case without it. Although utility is not directly observed, the actions of economic agents are observed through the choices they make. Suppose that a household's utility for two choices is denoted by U j and U k , respectively, the linear random utility model could then be specified as Eq. (1):
where, U j and U k are perceived utilities of adaptation methods j and k, respectively; X i is the vector of explanatory variables that influence the perceived desirability of the methods; B j and B k are parameters to be estimated; ε j and ε k are error terms assumed to be independently and identically distributed [20] . In the case of climate change adaptation methods, if a household decides to use option j, it follows that the perceived utility or benefit from option j is greater than the utility from other options (say k) depicted as Eq. (2):
The probability that a household will use method j among the set of climate change adaptation options could then be defined as Eq. (3):
where, P is a probability function, U j , U k and X i are as defined above, ε* = ε j -ε k is a random disturbance term, β * = β i -β j is a vector of unknown parameters that can be interpreted as a net influence of the vector of independent variables influencing adaptation, and F(β * X i ) is a cumulative distribution function of ε* evaluated at β * X i . The exact distribution of F depends on the distribution of the random disturbance term (ε*), and depending on the assumed distribution that the random disturbance term follows, several qualitative choice models can be estimated [20] . As already mentioned, the purpose of this study was to analyze which of the hypothesized independent variables are related to the adaptive responses of farmers to climate-change induced land degradation problems. The dependent variables (adaptation 1 and adaptation 2) are dummy (binary), which take a value 0 or 1, depending on whether or not a farmer is applying any of the structural/physical or non-structural SLM practices as adaptive response to climate change induced land degradation. On the other hand, the explanatory variables are either continuous or binary/categorical. Based on this, the probit model is specified as Eq. (4):
where, β is vector of parameters of the model, X j is vector of explanatory variables and ε j is the error term assumed to have random normal distribution with mean 0 and common variance  2 [20] . I j is unobservable households' actual decision (which is also named to be a latent variable) to use a structural/physical and non-structural SLM practice, and the observed is a dummy variable which is defined as: 1 if I j > 0 and 0 otherwise. Based on this, the probability of using SLM measures is specified as Eq. (5):
Similarly, the probability of not using SLM measures is defined by Eq. (6):
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Definition of Explanatory Variables and Working Hypotheses
The first dependent variable for probit analysis (adaptation 1) has a dichotomous nature, measuring the decision of the farmer to use structural/physical land management practices as an adaptive response to climate change/variability. It is represented in the model by 1 for a user farmer and by 0 for a non-user farmer. Similarly, the second dependent variable (adaptation 2) has also a dichotomous nature, measuring the decision of the farmer to use non-structural land management practices as an adaptive response to climate change/variability. It is represented in the model by 1 for a user farmer and by 0 for a non-user farmer.
It is hypothesized that the decision to use the land management measures is influenced by a set of explanatory variables. Based on the findings of past studies, theories and observation made in the study area, Table 1 portrays the variables hypothesized to determine farmers' decision to use SLM practices as adaptation strategy to climate change/variability. 
Results and Discussion
Comparison of Agro-ecologies
Comparison of perception of climate change between the two agro-ecologies indicated that 52% of the respondents from the wet lowland and 62% from the dry lowland had perceived change in climate ( Table 2) . This difference in perception between the two agro-ecologies is statistically significant (χ 2 = 6.636; P < 0.01). More perception in the dry lowland agro-ecology is attributed to the occurrence of repeated drought and various environmental changes in recent years that caused crop failure. The majority of the respondents in the wet lowland agro-ecology (62%) had exposure to adaptation measures to climate change compared to 48% in the dry lowland, showing existence of statistically verified difference between the two agro-ecologies (χ 2 = 14.659; P < 0.001).
About 52% of the respondents from the wet lowland agro-ecology and 34% from the dry lowland were users of structural land management practices ( Table 2) . The difference in the use of the practice is statistically significant (χ 2 = 18.82; P < 0.001). Likewise, about 75% of the respondents in the wet lowland agro-ecology were users of non-structural land management techniques compared to 44% in the dry lowland. This difference is also statistically significant at less than 1% probability level (χ 2 = 49.33).
Respondents in the wet lowland agro-ecology on average earned more income from crop enterprise (1,858 birr) compared to 1,338 birr for the dry lowland (t = -4.9895; P < 0.001). The higher income in the wet lowland agro-ecology is associated with longer experience in crop farming and better use of agricultural technologies. The average cultivated land per household in the wet lowland agro-ecology was 1.68 ha, compared to 1 ha in the dry lowland, and the mean difference is significant at 1% probability level (t = -9.6467). In terms of total land owned, the average was 6.6 ha in the wet lowland agro-ecology compared to 5.8 ha in the dry lowland (t = -3.2930; P < 0.001). With respect to farming experience, the average was 17.9 for the wet lowland agro-ecology compared to 13 years for the dry lowland ( Table 2) .
Determinates of Using SLM Practices
Thirteen explanatory variables were included in the binary probit regression model as determinant factors affecting use of SLM measures as adaptation strategy. Tables 3 and 4 variables included in the model, revealing statistically significant difference between users and non-users of the practices. Prior to running the probit model, the explanatory variables were checked for existence of multicollinearity problem using variance inflation factor (VIF). Based on the VIF(X i ), the data has no problem of multicollinearity with a mean VIF value of 1.21, and for each explanatory variable, the value of VIF is less than 10 ( Table 5 ). Hence, all explanatory variables are included in the model. Finally, maximum likelihood estimation method was used to elicit the parameter estimates of the probit model. Accordingly, for structural/physical land management practice (adaptation 1), out of the 13 explanatory variables hypothesized to explain farmers' decision of use of the practice, 11 were affirmed to be statistically significant, while two were less powerful in explaining the variation in the dependent variable ( Table 6 ). The chi-square test confirms the overall goodness of fit of the model at less than 1% probability level. Table 6 also portrays the calculated marginal effects after probit, which measure the expected changes in the probability of adaptation with respect to a unit change in an independent variable.
depict the mean values of the explanatory
Similarly, for use of non-structural land management techniques (adaptation 2), eight explanatory variables and their marginal values are statistically significant in explaining farmers' decision to use the practice and are generally in the directions that would be expected (Table 7) .
Slope Category of Cultivated Land
For structural measures (adaptation 1), this variable took the expected positive sign, and its coefficient is significant at less than 1% probability level. If all other things held constant, the probability of adaptation through structural land management techniques increases by an average of 23.5% as the slope category of the farm land changes from flat to higher slope category. Similarly, this variable positively and significantly influenced adaptive responses through non-structural land management (adaptation 2) practices (P < 0.01). On average, probability of adaptation increases by 9.4% as the slope category of farm land changes from flat to steep and very steep. This finding is in line with results of past studies that showed a positive relationship between slope category of a parcel and land management decisions [21] [22] [23] . 
Income from Crop Enterprise
The sign of this explanatory variable is consistent with the a priori expectation, and it is positively and significantly associated to farmers' decision to use structural land management measures at 1% probability level. The calculated marginal effect shows that probability of using structural land management techniques as adaptation strategy increases by 0.02% as income from crop enterprise increases by 1 birr, implying that more income may ease the constraint on liquidity needed for investment on SLM practices. Likewise, this variable is positively associated with using non-structural land management practices (P < 0.01). The calculated marginal effect shows that the probability of adaptation through non-physical land management techniques increases by 0.007% as income from crop enterprise increases by 1 birr.
Exposure to Adaptation Practices
This variable had positive and significant effect on farmers' decision to practices structural land management measures (P < 0.01). The calculated marginal effect shows that the probability to adopt the techniques increases by 28.9% for farmers who have past knowledge of adaptation measures. This variable is also positively and significantly associated with using non-structural land management practices (P < 0.01) with a calculated marginal effect of 10%. The findings are in line with previous studies that reveal knowing available options makes smallholder farmers to be more receptive [23, 24] .
Perceived Risk Level of Farmland
This variable is positively and significantly related to the dependent variable (adaptation 1) at 1% probability level. The probability of using structural land management techniques increases on average by 26.7% as the perceived risk of land degradation changes moves from low/no risk to medium and high risk level. However, this variable is not significant in affecting farmers' decision to use non-structural land management measures.
Number of Parcels
This variable negatively and significantly influenced farmers' adaptation decision through structural land management measures, and the finding is consistent with previous studies [23] [24] [25] . The marginal effect shows the probability of using the practices decreases by 17% as the number of parcels owned increase by 1. This justifies that installing physical structures in small and fragmented plots creates difficulty on farming, as it squeezes operations between the structures and also induces further stress on the scanty resources available at disposal of smallholder farmers. However, this variable is less important in determining farmers' decision to use non-structural land management practices.
Size of Cultivated Land
This variable is positively and significantly related to the use of structural land management practices (P < 0.01), and the finding is in line with prior hypothesis and past studies [24, 25] . The probability of using the practice increases by 16.1% as the size of cultivated land increases by 1 ha, justifying that structural land management measures are non-scale neutral and cannot be equally applied to all land sizes. However, this variables does not affect use of non-structural measures, as these practices are scale-neutral and can be equally applied both to small and large land sizes.
Farm-Home Distance
This variable influenced farmers' use of structural land management techniques negatively and significantly (P < 0.01). The probability of using the measures decreases by 8.2% as farm-home distance increases by 1 km. This implies that the further the location, the higher would be the opportunity cost of labor and other resources used for the practice, and hence farmers refrain from allocating resources. However, this variable is not important in affecting use of non-structural measures, since the practices are non-labor intensive as compared to structural measures.
Economically Active Household Size
Farmers' decision to use structural land management practices is positively and significantly associated with the size of economically active family (P < 0.01). The probability of using the practice increases by 9.6% as the number of economically active family members increases by 1, implying that more active members in a family provides the labor that might be required by the practices. However, this variable has no significant effect on the use non-structural land management measures as the practices are less labor intensive compared to the structural measures.
3.2.9 Farmer's Perception of Climate Change Consistent with a priori expectation and past research findings [24, 25] , this variable is positively and strongly related with use of structural land management measures (P < 0.01), showing that perceiving climate change as a risk induces adaptive response. The calculated marginal effect shows that the probability of the practice will increase by 32.7% for farmers who perceived climate change as a risk. Likewise, perception of climate change positively and strongly induces use of non-structural measures (P < 0.01). The marginal effect indicates that the probability of using these techniques increases by 23.4% for those farmers who perceive climate change.
Cultivated Land Prone to Land Degradation
This variable is significantly and positively associated with use of non-structural land management practices (P < 0.05). The calculated marginal effect shows that as the cultivated land's exposure risk increases, the probability of adaptation through non-structural land management measures increases by 12.7%. However, the role of this variable in affecting the use of structural land management measures is statistically insignificant.
Farm Experience
This variable is positively associated with use of Adapting Smallholder Agriculture to Climate Change through Sustainable Land Management Practices: Empirical Evidence from North-West Ethiopia 299 non-structural land management practices at 5% significance level, implying that farmers with long farming experience are well aware of the risk of climate change and opt to adapt to the challenges. The marginal effect shows that the probability of using non-structural land management practices increases by 0.7% for each additional year of farming experience. However, the variable is not statistically significant in affecting use of structural land management techniques.
Education Level of the Respondent
Education is positively and significantly related with using structural land management techniques at 1% probability level. The calculated marginal effect shows that the probability of practicing the techniques increases by 21.3% as the level of education increases. This finding is in agreement with past research, which justified the role of education in inducing famers' decision to adopt agricultural technologies [26, 27] . Nevertheless, the role of education in affecting the use of non-structural land management practices is not statistically significant.
3.2.13 Agro-ecology Dwelling and farming in the wet lowland agro-ecology is positively and significantly associated with farmers' use of structural land management measure, and the probability of using the practices will increase by 25.7% for farmers in this agro-ecology. Likewise, the probability of using non-physical land management measures increases by 30% for farmers in this agro-ecology. This finding is alike with the prior expectations and past research findings [26, 27] , and shows that farmers living in the wet lowland agro-ecology are more experienced, better exposed to adaptation measures and have better access to climate specific extension advises compared to farmers in dry lowland agro-ecology.
Comparison of Probit Regression Results for Adaptation 1 and 2
Four explanatory variables (number of parcels, land size, farm-home distance and economically active family), which are strongly decisive in determining farmers' decision to practice structural land management techniques, were found to be less important in affecting the decision to use non-structural land management practices. This implies that these explanatory variables only affect the decision to use structural land management techniques (which are non-scale neutral in terms of land size, parcel size, labor and distance). However, the variables are less important in affecting the use of the non-structural land management techniques (which are scale neutral) that can be indiscriminately applied irrespective of physical 
